The mean and variance of environmental temperature are changing as a consequence of human activities.
Introduction
The biology of ectotherms is largely controlled by temperature-dependent phenomena (Hochachka and Somero 2002; Brown et al. 2004; Kingsolver 2009 ). Temperature-dependent processes are often characterized by unimodal thermal performance curves (TPCs) that describe the change in biological rates and traits across a range of temperatures (Scheiner 2002; Angilletta 2009; Kingsolver 2009) . TPCs for population growth rate (r) are particularly crucial, as they are a measure of the temperature dependence of fitness and may predict how organisms will respond to changing climatic conditions (Charlesworth 1994; Deutsch et al. 2008; Bozinovic et al. 2011; Clusella-Trullas et al. 2011; Amarasekare and Savage 2012; Kingsolver et al. 2013; Vasseur et al. 2014) . The shapes of r TPCs vary among and within species as a result of differences in acclimation, predation risk, genetics, and latitude (Izem and Kingsolver 2005; Pörtner and Knust 2007; Angilletta 2009; Clusella-Trullas et al. 2011; Luhring and DeLong 2016) .
Although many biological processes change in a continuous nonlinear manner across temperature, acclimation studies often compare the effects of acclimation treatments within a limited set of temperature treatments instead of the entire TPC (e.g., Leroi et al. 1994) . We argue that acclimation and other factors that change temperature-dependent performance should be measured across the entirety of an organism's thermal tolerance breadth to understand how they change the shape of the TPC for that metric (e.g., Padfield et al. 2016) . Furthermore, the parameters used to describe how TPCs change need to be rooted in biologically meaningful processes (an oft repeated plea regarding the use of TPCs; Schulte et al. 2011; Schulte 2015) . There is a substantial bestiary of models to describe the shapes of population growth TPCs (Krenek et al. 2011) , however these models are often phenomenological in nature instead of being derived from biologically meaningful processes. Thus, when comparing TPCs, we are often limited to comparing model parameters with no clear biological meaning or the emergent properties of the curves themselves (e.g., optimal temperatures, critical upper and lower temperatures). Furthermore, because population declines occur beyond upper and lower critical temperature limits, models for population growth rate TPCs must be able to go negative beyond upper and lower critical limits-a critical shortcoming of some popular models (e.g., Ratkowsky et al. 2005 ; Gaussian-quadratic function in Deutsch et al. 2008) . A model with biologically meaningful parameters is needed to understand the biological underpinnings of changes to population growth rate TPCs that result from adaptation to changing climates or shifts in ecological context.
To create a more mechanistic model tying population growth rate to temperature, we link maximum population growth rate (r max ) to temperature dependent metabolic rate. To do this, we build on the ideas that (1) metabolic rate is a temperature-dependent process determined by the combined effects of temperature on enzyme stability and reactant kinetics (DeLong et al. 2017) , (2) biomass production is fueled by metabolism (Verity 1985; Ernest et al. 2003; DeLong and Hansen 2009) , and (3) reproduction is limited by biomass production. Thus, population growth rate depends on biomass production, biomass production depends on metabolism, and metabolic rate depends on temperature-dependent processes (reviewed in Brown et al. 2004; Brown and Sibly 2006) . Even though organisms vary in the proportion of metabolism devoted to biomass production, maintenance, and individual growth, the temperature-and body size-dependence of biomass production follows closely the temperatureand body size dependence of metabolic rate, suggesting a strong link between metabolic rate and production (Ernest et al. 2003) .
Although there are several potential metabolic rate models from which to base a population growth rate model, most fail to meet critical biological assumptions in their derivation (see Table 1 in DeLong et al. 2017) . In contrast, the recently developed enzyme-assisted Arrhenius (EAAR) model casts the unimodal dependence of metabolic rate on temperature as arising from the effects of temperature on enzyme kinetics and protein stability (DeLong et al. 2017 ). The EAAR model builds on the Arrhenius equation by allowing enzymes to lower the activation energy of metabolic reactions. If instead of an overall activation energy, we define a baseline energetic hurdle for a reaction to proceed independent of enzymatic 
The contribution of enzymes to lowering the activation energy is temperature dependent because enzyme stability and activity are temperature dependent, a fact that has been recognized by several previous efforts to derive TPCs for enzyme-catalyzed reactions (Johnson and Lewin 1946; Sharpe and DeMichele 1977; Schoolfield et al. 1981; Hobbs et al. 2013) . We then use the Becktel-Shellman equation for free energy (Becktel and Schellman 1987) to model the activity of the catalyzing enzymes as a function of temperature
where DH is the enthalpy of folding the enzymes used in the metabolic reaction, relative to the melting temperature, T m , and DC p is the difference in heat capacity between the folded and unfolded state of the enzymes, again relative to the melting temperature. DG reflects the stability of the enzyme, and critically, the probability of an enzyme being in an active state and able to lower the reaction's activation energy (Ratkowsky et al. 2005; Feller 2010; Hobbs et al. 2013) . The free energy of the catalyst, however, does not equal the reduction in the activation energy but rather indicates the probability that the catalyzing enzymes are in active state. This probability approaches 1 at the maximum DG, so we rescale Equation (2) by the maximum free energy, DG max , to transform it into a probability between 0 and 1. Finally, given activity, the catalyst lowers the activation energy by an amount
. Thus, we replace each parameter in Equation (2) to account for this trans-
) and rewrite Equation (2) as
Substituting Equation (3) into Equation (2), we get
which now provides a mechanistic description of the temperature dependence of metabolic rate that is generated by both reactant kinetics and temperature-dependent enzyme stability. Although not all biomass production is allocated to reproduction, all reproduction is created from newly produced biomass and thus is inextricably linked to metabolism. If reproduction is proportional to biomass production, and biomass production is proportional to metabolism, then we can define a birth function b by creating a new constant (B 0 ) that combines with A 0 to convert metabolism into production into births
In this simple derivation, births are only temperature dependent as a function of biomass production. However, the total number of individuals produced per unit of biomass can vary with temperature, which would require an additional temperature dependent function to be included in the constant B 0 . Here, we focus on the simplest scenario because we are working with a type of organism where all production is reproduction (protists), but we recognize that Equation (5) may need to be altered for other types of organisms. Although survival also may be linked to metabolism, empirically it appears that death rates are related to temperature through an Arrhenius-type function, where mortality increases exponentially with temperature Amarasekare and Savage 2012) . Thus, we can write a death function d as:
Although we use the same parameters (k and E b ) as previous iterations of the Arrhenius function for death rate, we caution that the underlying mechanism for their apparent similarity is not known and this part of the model remains as a phenomenological placeholder for future development of a mechanistic death function. Population growth is the sum of factors increasing population size (birth and immigration) and factors decreasing population size (death and emigration). For this model, we ignore the movement of individuals into or out of a population and instead focus solely on vital rates (birth and death) across temperature. Although a general framework for the dependence of population growth on temperature exists for age-structured populations (Amarasekare and Savage 2012) , we focus on a simpler setup in order to emphasize the link between metabolism and overall reproduction. Thus, we focus the initial derivation of r as the difference between Acclimation effects on r TPCs death and birth rates and write a full population growth TPC as
We use Equation 7 (the r-EAAR model) to interpret variation in population growth TPCs for the protist Paramecium bursaria acclimated to different temperatures. Fitted parameters of the r-EAAR model are rooted in the properties of enzyme populations, permitting us to infer potential changes in enzyme thermodynamics caused by acclimation treatments.
Methods and materials
Study species rearing and maintenance We isolated P. bursaria from a freshwater pond on the Spring Creek Prairie Audubon Center in southeastern Nebraska (Novich et al. 2014; Luhring and DeLong 2016) . Isolated cells were grown in media made from a 1:9 ratio of liquid protozoa medium (Carolina Biological Supply, Burlington, NC, USA) to pond water (filtered 2Â and autoclaved). The media was autoclaved and then bacterized with a mix of bacteria from the source pond (see Luhring and DeLong 2016 for details). Cultures of P. bursaria were kept in a constant state of semi-exponential growth through weekly water changes where part of the culture was added to a new batch of bacterized media. Cultures were maintained on a 12:12 h light:dark cycle at 21 C in growth chambers (Percival, Fontina, WI, USA).
Acclimatization and performance trials
Prior to performance trials, P. bursaria were acclimated to one of five acclimation temperatures (10, 19, 23, 28, or 35 C) for 48 h in 90-mm Petri dishes (n ¼ 75 initial population for each 150 mm dish, four 150 mm dishes per acclimation temperature). Acclimation temperatures were chosen to include a full range of temperatures from below to above the lower and upper critical temperatures, respectively. Because of high mortality in the 35 C acclimation, we dropped that treatment from analyses and only report data from the lower four acclimation temperatures. After acclimation, six P. bursaria from acclimated populations were placed into each of six 60 mm petri dishes for each of the nine performance trial temperatures (10, 19, 21, 23, 25, 28, 30, 32, 35 C) (n ¼ 36 P. bursaria per temperature). Because of limitations with the availability of environmental chambers, three groups of trials were run on October 9, 2015 (10 and 28 C acclimations at 10, 
Population growth rate (r)
Cells in each dish were counted every 24 h. Each estimate of population size (N t ) was the average of three replicate counts. Population growth rate was calculated over 48 h as N t ¼ N 0 e rt , where N 0 is the population size at the beginning of the experiment (six cells) and N t is the population size at 48 h. Because resources were nonlimiting in the short trial and population sizes of P. bursaria increased exponentially for the first 48 h (T.M.L. and J.P.D. unpublished data), the estimated r is approximately r max .
Curve-fitting and statistical analyses
We fit the equation for the r-EAAR model (Equation [7] ) to r max values across the nine performance trial temperatures for each of the four acclimation temperatures using the fit function in MatLab (R2015b). We conducted the fitting in two stages. First, we estimated T m by fitting a quadratic equation to the portion of the data to the right of and including the peak values. We did this because of potential structural correlations within Equation (7) that weaken our ability to fit T m along with the other parameters. Second, using the T m estimated in stage one, we fix T m in Equation (7) and fit the equation to the data to estimate the remaining parameters. We used 1000 bootstrapped samples in both stages to estimate mean and 95% confidence intervals for the model parameters (E DCp , E DH , E b , T m ). TPC bootstraps for the coldest acclimation temperature were fitted with a fixed E b of 0.03 (E b for 19 and 23 C acclimations were 0.03) to prevent fitting artefacts that generated a negative value for E b . Within each bootstrap iteration, we calculated five commonly used TPC characteristics and used the 2.5% and 97.5% quantiles across the bootstrapped fits as 95% confidence intervals for those characteristics. T min is the temperature at which population growth crosses from negative to positive at low temperatures and was calculated by finding the lower x-intercept through the "vpasolve" numeric solver in MatLab. TPC Breadth was then calculated as T m À T min . The area under the TPC area under the curve (AUC) was calculated by integration of the curve between T min and T m using "integral" in MatLab. T opt was found by solving for where the slope of the curve between T min and T m was 0. The value for r at T Opt was then calculated to provide P max .
Results
Regardless of acclimation treatment, no replicates in the 10 or 35 C performance trials had positive population growth over the 48-h period. This indicates that the resulting TPCs characterize r over the entire range of temperatures for which population growth is generally positive in P. bursaria. Although P. bursaria acclimated to 10, 19 and 23 C all had positive r in 32 C performance trials, those acclimated at 28 C showed zero or negative growth at that temperature (Fig. 1) . Only P. bursaria acclimated at the lower (10 C) and upper (28 C) ends of their thermal tolerances demonstrated negative population growth at any of the intermediate temperatures (19-32 C) . Most fitted parameters (E DCp , E DH ) increased with acclimation temperature (Fig. 2; Table 1 ). However, enzyme melting temperature (T m ) was highest when acclimated at intermediate temperatures and lowest in those acclimated to higher temperatures. Although E b was only estimated for the three warmest acclimation temperature treatments, it did not appear to show much change (0.03-0.04).
Most TPC properties, including T opt , P max , and the area under the TPC (AUC), were higher at intermediate acclimation temperatures than at the hotter and colder acclimation temperatures, indicating greater overall performance at intermediate temperatures ( Fig. 2; Table 1 ). In contrast, T min increased with acclimation temperature, leading to a decrease in TPC breadth with acclimation temperature.
Discussion
The ability to make physiological adjustments is central to an organism's ability to tolerate variation in environmental conditions. Our theory-data analysis indicates that P. bursaria population growth rate TPCs can shift when acclimated to different temperatures across their range of thermal tolerance. Nearly all fitted parameters and TPC properties changed across acclimation temperatures, with the general Fig. 1 Population growth rate (r) TPCs of P. bursaria acclimated to (from top to bottom) 10, 19, 23 and 28 C for 48 h. A black box indicates the acclimation temperature of P. bursaria within each acclimation TPC. Curves depict r TPCs using mean bootstrapped parameter estimates. Each dot shows the population growth rate of a replicate dish of P. bursaria over 48 h from an initial population of six individuals. Temperature shown is in Celsius for ease of interpretation although TPCs were characterized in Kelvins.
outcome that intermediate acclimation temperatures were associated with higher overall performance (T m , T opt , P max , and the area under the TPC). This is generally consistent with previous work that suggests acclimation to intermediate temperatures is more beneficial across all temperatures than acclimation to relatively high or low temperatures (Zamudio et al. 1995) . However, not all metrics of "better" were better at intermediate temperatures. For example, P. bursaria acclimated to the coldest temperature showed the lowest T min and a T m and a thermal breadth similar to cells acclimated to intermediate temperatures.
One potential benefit of using the r-EAAR model to interpret TPC data is that it points to potential changes in enzyme thermodynamics associated with changes in acclimation temperature. While we did not directly measure enzymatic properties, this potential link would be useful for elucidating the effects of molecular processes on higher-level functions. For instance, P. bursaria generally increased E DCp and E DH with acclimation temperature, which would suggest that metabolically important enzymes could have higher energy content (greater enthalpy of formation) and be more resistant to temperature change (greater heat capacity) as acclimation temperatures increase. This could occur through a variety of mechanisms, including changes in the relative composition of enzymes, their thermal stability, or the employment of protective agents such as heat shock proteins. Although we did not directly measure heat capacity or enthalpy of the catalyzing enzymes, the shifts in E DCp and E DH suggest that future work to understand how organism physiology changes in response to acclimation temperature could focus on the thermodynamic structure of enzymes associated with metabolism.
The r-EAAR model is a first step into expanding our understanding of how temperature dependent processes at the molecular level scale up through additional levels of organization (see DeLong et al. 2017) . The model has important advantages over competing models that describe the thermal performance of population growth rate. First, the model is built on underlying mechanisms rather than shape characterization, as is the case for many competing models (see Krenek et al 2011, but see Amarasekare and Savage 2012 for a general derivation). Specifically, our model uses metabolic processes to drive biomass production, allowing the factors that control the temperature dependence of metabolic reactions to scale up to population growth. Second, our model allows for both reasonable variation in shape and for negative population growth at high and low temperatures. There are several models currently in use that do not allow for negative growth at high and low temperatures, making these models suspect both in terms of their underlying mechanisms and in their ability to fully describe the TPC (e.g., Ratkowsky et al. 2005; Deutsch et al. 2008; Vasseur et al. 2014) . For instance, these models would be exceptionally optimistic when projecting the effects of climate change variability and temperature warming for organisms with decreased thermal tolerance and or an increased T min at warmer temperatures (both of which were seen with P. bursaria in this study). It is paramount to understand how physiology and climate interact to affect the abilities of organisms to persist through increasing mean temperature, temperature variability, and climatic extremes (Parmesan and Yohe 2003; Overpeck and Udall 2010; Vasseur et al 2014; Luhring and Holdo 2015) .
P. bursaria meets key assumptions of our model, which may account for the ability of the model to describe changes in their r max TPCs. P. bursaria reproduces by binary fission, making biomass production proportional to reproduction as assumed by our model. However, it may be important to incorporate deviations from these assumptions into future permutations of the r-EAAR model. Multicellular organisms that do not reproduce through binary fission may show differences in the temperature dependence of biomass production and fecundity through temperature dependent effects on clutch or offspring size. Furthermore, agestructured populations may show other temperature effects such as the temperature dependence of maturation (e.g., Amarasekare and Savage 2012) . Such additional effects could be incorporated into our model as appropriate. Similarly, we used the Arrhenius function to make death rate a monotonically increasing function of temperature . But this is a phenomenological place-holder, and the Arrhenius function misses the potential for increasing death rates at colder temperatures, which also could be accommodated with other functions as needed.
We generally attribute the changes in P. bursaria rTPCs observed here to phenotypic plasticity, given the relatively small number of generations that occurred during the experiment and the presumed low genetic diversity of the largely clonal stock populations. Although a variety of pathways may underlie the changes in the key parameters of E DCp and E DH , one interesting possibility is a change in heat-shock proteins (HSPs) (Pauwels et al. 2005) . HSPs may buffer organisms against higher temperatures by preventing the denaturing of proteins, although the exact protein involved in tolerating higher temperatures varies among organisms, (e.g., Parsell et al. 1993 ). In our experiment, P. bursaria in the warmest acclimation treatment showed lower performance metrics across all temperatures. This could be related to temperaturedependent development (e.g., Wilson and Franklin 2002) or high amounts of HSPs lowering metabolic activity (e.g., Viant et al. 2003) . Previous work demonstrates that other stressors such as predation also can induce the production of HSPs (Pauwels et al. 2005) or affect r TPCs (Luhring and DeLong, 2016) . The commonality of HSP production for heat stress and predation exposure is interesting because the shift in the r TPC for P. bursaria under high temperature acclimation ( Fig. 1) is similar to the shift in the r TPC for P. aurelia exposed to predation (Luhring and DeLong 2016) . P. aurelia exposed to predation and P. bursaria exposed to higher acclimation temperatures showed reduced cold tolerances (increased T min ), decreased TPC breadths, and lowered T opt . Thus, it may be worth looking into the role of HSPs in driving shifts in TPCs in response to a variety of environmental stressors. Furthermore, if HSPs influence both E DCp and E DH , they may function as a constraint generating tradeoffs in TPC shape. Thus, future work focusing on the role of HSPs, or other candidate factors, may allow us to unravel how multiple simultaneous stressors will influence how organisms respond to future climate change.
